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Abstract 
In this paper an adaptive approach for color image 
enhancement is proposed. In this approach, the 
saturation feedback technique is used as a means of 
supplementing color image shmpness and contrast. This 
technique of the saturation feedback can serve to bring 
out image details that have low luminance contrast. In 
the technique, the feedback parameters are the key 
component and are usually determined manually. In 
order to realize the adaptive color image enhancement, 
the genetic algorithm is employed to search global 
optimal parameters for saturation feedback 
automatically. The detailed procedures are described in 
the paper. Experimental results on color images show 
the feasibility of the proposed method. 
1. Introduction 
Image enhancement is one of the impOliant image 
processing techniques. It is used to improve image 
quality or extract the details in the degraded images. For 
color image enhancement, most existing methods make 
use of the luminance, hue and saturation description of a 
color image [1][2]. Because the saturation component 
often contains more high frequency spectral energy, i.e. 
image detail, than its luminance counterpati. A number 
ofresearchers present to feedback high-pass infonnation 
from the saturation component as a means of 
supplementing color image sharpness and contrast. This 
technique of saturation feedback can serve to bring out 
image details that have low luminance contrast. Based on 
the technique, some enhancement approaches have been 
proposed [3,4]. But these approaches are parameter 
dependent. In other words, for each color image, 
feedback parameters have to be adjusted manually so as 
to obtain satisfied enhancement images. Obviously, it 
does not meet the demand of real time image processing. 
In thIs study, a genetic algOlithm (GA) based color 
image enhancement approach is proposed, in which the 
color image enhancement is fOlmulated as an 
optimization problem and feedback parameters are 
regarded as optimized components. Genetic algOlithm is 
a powerful tool to solve optimization problem. It can 
search. for good solutions adaptively by using a 
collectIOn of search points known as a population in 
order to maximize sone desirable Cliterion [5]. So in this 
study genetic algOlithm is used to automatically 
detelmine the optimal set of feedback parameters in the 
whole solution space. 
The paper is organized as follows. The Oliginal color 
image enhancement using saturation feedback is 
desclibed in Section 2. The proposed genetic algorithm 
approach for color image enhancement is addressed in 
Section 3. Expelimental results on color images are 
included in Section 4, followed by concluding remarks. 
2. Color image enhancement based on 
saturation feedback 
The Oliginal saturation feedback algOlithm was proposed 
by Strickland et al [3]. It can be expressed as 
Lnl{i,}) =IJ..i,}) +l(j[L(i,}) -ll,i,})]-k2[SCi,}) -SCi,})] (I) 
where L(i,j) and S(i,j) is the luminance value and 
saturation value of the pixel at (i, j) respectively, LO, j) 
and SCi, j) is the average luminance value and 
saturation value of the whole image respectively, and kl 
and k2 are scaling constants. The negatively scaled 
saturation data is prescribed in reference 3. Figure 1 
shows the flowchati of the saturation feedback 
enhancement method. 
The two bracketted telms of (1) lead to unsharp 
masking of the luminance and saturation components. 
Unsharp masking (USM) is known to produce two 
simultaneous effects: an increase in perceived conh'ast 
along with an increase in perceived sharpness. When 
k2=0, h'aditional USM is perfOlmed. When k2>0, a novel 
fOlm of cross-component USM results. This approach 
has been demonsh'ated with patiicular effectiveness on 
color images of natural scenes. 
Though novel in its use of cross-component 
infonnation, the saturation feedback approach of (1) 
suffers from one key drawback. The drawback is that 
parameters kl and l~ have to be decided manually. Only 
the proper value of kl and k2 can obtain satisfied 
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Figure 1. The flowchart of saturation feedback 
enhancement method 
enhancement results. Obviously, detelmining parameter 
kl and l<z is the key problem of the saturation feedback 
approach. In order to solve the problem, we propose to 
make use of g:netic algOlithms to determine the 
parameters automatically. The detailed procedure will be 
discussed in Section 3. 
3. Methodology 
3.1 Overview of genetic algorithms 
GA is a heuristic search technique for obtaining the best 
possible solution in a vast solution space. It employs 
mechanisms analogous to those involved in natural 
selection to conduct a search through a given parameter 
space for the maximum/minimum of some objective 
function. To apply a GA, an initial population is 
generated and the fitness of each member of the 
population is evaluated. The algOlithm then iterates the 
following: members from the population are selected for 
reproduction in accordance to their fitness evaluations. 
The reproduction operator are then applied, which 
generally include a crossover operator that models the 
exchange of genetic matelial between the parent 
chromosomes and a mutation operator to maintain 
diversity and introduce new alleles into the generation, or 
a combination of both, to generate the offspling of the 
next generation. The fitness of the offspling is then 
evaluated, and the algorithm starts a new iteration. The 
algOlithm stops when either a sufficiently good solution 
is found, or after a predetelmined number of iterations. 
GA has been successfully applied in numerous 
commercial and industrial fields. For image processing 
problems, some recent attempts in image segmentation, 
primitive extraction, scene recognition and image 
interpretation are reported in the literature [7][8] [9][10]. 
In this study, we applyGA to obtaining optimal feedback 
parameters for color image enhancement. 
3.2 Genetic algorithms for learning feedback 
parameters 
As has been discussed in the Section 2, the key of the 
saturation feedback color image enhancement approach 
is to detelmine parameter l<j and k2• As a result, the 
genetic algOlithm to detelmine these parameters 
automatically will be discussed in this section. Basically, 
an genetic algOlithm includes six issues such as 
initialization, evaluation, selection, crossover, mutation 
and stopping clitelion. In this study several issues must 
be considered as follows. 
3.2.1 The Encoding Scheme of Parameters 
Now we define a set of individuals in a population 
generated dUling t generation cycles. P(t)={Ikl 
k=I,2, ... ,m}, where m is the number of individuals or 
the population size. The size affects both tre ultimate 
perfOlmance and the efficiency ofGA. Each individual is 
generated by some encoded form known as a 
chrorrnsome. For the saturation feedback color image 
enhancement, the parameters kl and k2 are represented by 
a 8 bit binary string. Figure 1 illustrates the chromosome 
structures. 
00011011 11010111 
Figure 2. A chromosome structure 
The range of parameters is defined in [0,10]. For an 8 
bit sh'ing conesponding to a parameter, the decOl'ding 
equation is given by 
i = 1,2 
Where Bij is a bit value (0 or 1) of parameter lei' 
3.2.2 Fitness Function 
(2) 
The fitness function is used to evaluate the goodness of a 
chromosome (solution). In this study, the fitness function 
is formed by combining two perfonnance measures, 
namely, the AC power measure (Fac) and fuzzy entropy 
measure (H). Fac is used to evaluate the overall contrast 
of a color image. H is used to evaluate the overall 
blightness of a color image. 
First, for a given image with size MXN, the AC 
power of the image is given by 
1 MN 2 1 MN 2 
Fae == -- I I Lx.), - (-- I I Lx.y) (3) 
M x N x=!)'=! M x N x=!y=! 
Where 4,y is the pixel luminance value of the pixel at 
(x,y). If the Fac value is increased, the average pixel 
valiance of the image is increased and the overall 
contrast of the image will be improved accordingly. 
Second, the fuzzy entropy of a given image is given 
by [11] 
1 M N (4) 
H (p) == MN In 2 ~! ~! [S" (Pu )] 
Where Sn(.) is Shannon function, Pij is the fuzzy value of 
the pixel at (i,j). If the H(p) value is decrease, the 
average pixel value of the image is increased and overall 
brightness of the image will be improved accordingly. 
Based on the charactelistics of the two objective 
measures, the fitness function F is given by 
(5) 
The greater the fitness function value, the better the 
quality ofthe enhanced color image. 
3.2.3 Genetic Operations 
For GA, the two operations, namely, crossover and 
mutation, will be implemented. In this study, a multi-
point crossover is employed [6]. For the multi-point 
crossover, the crossover-point positions of the bit string 
segments of pairwise bit shings are randomly selected. 
The probability of applying crossover, Pc, is set to 0.9. 
Mutation is canied out by performing the bit inversion 
operation on some randomly selected positions of the 
parent bit strings and the probability of applying 
mutation, PM, is set to 0.1. 
The GA will be iteratively perfOlmed on an input 
degraded image until a stopping clitelion is satisfied. The 
stopping cliterion is either the percentage of the fitness 
function value improvement between two consecutive 
iteration is smaller than a threshold, or that the number of 
iteration is larger than another threshold. Then the 
chromosome (solution) with the greatest fitness function 
value, i.e., the optimal set of parameters for the input 
degraded color image, is detelmined. The degraded color 
image in the LHS space is enhanced by using the optimal 
set of parameters, and then convelied back into RGB 
space as the enhanced image for display. 
3.2.4 System Parameters 
In this study, the population size is set to 40 and the 
maximum number of iterations of GA is set to 100. 
3.3 The procedure of proposed color image 
enhancement approach 
The procedure of proposed color image enhancement 
approach is desclibed as follows: 
start 
input a color image 
RGB to LHS conversion 
initialize population P(t) 
t=O 
evaluate P(t) 
while not (termination condition) 
begin 
t=t+ J, 
reproduce P(t) from P(t-J) 
recombine P(t) by crossover and mutation 
evaluate P(t) 
end 
end while 
determine the optimal parameters 
obtain the enhanced LHS image 
LHS to RGB conversion 
End 
4 Experimental results 
The proposed approach for color image enhancement has 
been applied for the purpose of some color images 
enhancement. Two of color images used in our 
experiments are given in Fig.3(a). One of the images is 
of a wire shipper, the other is a pali of a aelial image. 
Fig.3(b) show their saturation images, and Fig.3( c) 
shows their enhanced images. 
From Fig.3( c) , it can be found that the edges of the 
wire shipper in the enhanced image are clearer than that 
in the Oliginal images. Especially, the pivot and anchors 
in the enhanced images are more obvious. It will benefit 
the workpiece recognition and inspection. For the aelial 
image, the road border between forests are obviously 
improved, and the contrast of the whole image is also 
increased. 
Table 1 lists the compalison results of quantitative 
measurement values of the Oliginal images and their 
enhanced images. As can be seen from Table 1, the 
values of AC power of enhanced images are greater than 
those of the original images, and the values of fuzzy 
entropy of enhanced images are smaller than those of the 
original images. This means the contrast and blightness 
of enhanced images are better than that of original 
images. As a result, the values of fitness function of 
enhanced images are greater than that of original images. 
Above expelimental results show that the proposed 
approach can improve not only the contrast but also the 
(a) 
(b) 
(c) 
blightness ofthe luminance component 
Figure 3. (a) Oliginal color image Imagel(left) and Image2 (light) (b) Saturation images (c) Enhanced 
image Image lEn (left) and Image2En (right) . 
Table 1. Compmison results of quantitative measurement values of Oliginal i mages and enhanced images 
Image Name Value of AC power Fuzzy Entropy Value of Fitness Function 
Oliginal Image 
Image! 1079.4 464.5 2.3237 
Image2 2002.1 26618 0.0752 
Enhanced Image Image lEn 1445.8 401.7 3.5992 
Image2En 2803.3 16877 0.1661 
5. Conclusions 
The saturation feedback approach to color image 
enhancement offers a unique way of introducing 
additional high-pass spatial information into the 
luminance component of color images. It can produce 
satisfied contrast and improved sharpness enhancement. 
The goal of the research repOlted here is to realize the 
adaptive saturation feedback by using genetic algOlithms 
so that the color image enhancement approach becomes 
more practical. 
At the same time, it should be noted that the 
perfOlmance measure proposed in this paper is not the 
best. Because image quality perception and evaluation 
are subjective and the human visual system is very 
complicated, it is very difficult to find the "best" 
perfOlmance measure that can exactly respond to the 
actual image quality and match the characteristics of the 
human visual system. If some new and better 
perfOlmance measures are found, the fitness function can 
include the new and better perfOlmance measures so that 
the perfonnance of the proposed approach will be 
improved accordingly. 
References 
[I] H. Lekowitz and G. Helman, GLHS: A Generalized 
Lightness, Hue and saturation color Model, 
CVGIP:Graphical Models and Image Processing, 
Vo1.55, NoA, pp.271-285, 1993 
[2] N. Liu and H. Yan, Improved Method for Color 
Image Enhancement Based on Luminance and Color 
Contrast, Journal of Electronic Imaging, Vol.3, 
No.2, pp.190-197, 1994 
[3] R. N. Suicldand, C. S. Kim and W. F. Mcdonmell, 
Digital Color Image Enhancement Based on the 
Saturation Component, Optical Engineering, Vol. 
26, No.7, pp.609-616, 1987 
[4] B. A. Thomas and R. N. Stlicldand, A Study of Scene 
Structure in the Saturation Component of Color 
Images, Human Vision and Electronic Imaging, B. 
E. Rogowitz and 1. P. Allebach, Eds., Proc. Of the 
SPIE, Vol. 2657, pp. 32-41, 1996 
[5] D. E. Goldberg, Genetic Algorithms: Search, 
Optimization and Machine Learning. Addison 
Wesley, Reading, Massachussets, 1989 
[6] H. Zheng, The Study on Application of Genetic 
Algorithms to Image Processing and Analysis, 
doctoral disseltation , Wuhan Technical University 
of Surveying and Mapping, Wuhan, 2000 
[7] B. Bhanu, S. Lee and 1. Ming, Adaptive Image 
Segmentation using a Genetic AlgOlithm, IEEE 
Transactions on Systems, Man, and Cybernetics, 
Vol.25, No.12, pp.1543-1567, 1995. 
[8] G. Roth and M. D. Levine, A Genetic Algorithm for 
Plimitive Exu"action, In: Proc. 4th IntI. Con! Genetic 
Algorithm, San Diego, ppA87-497, 1991. 
[9] D. Prabhu, B.P. Buckles, and F.E. Petry, Genetic 
AlgOlithms for Scene Interpretation from 
Prototypical Semantic Descliption, International 
Journal of Intelligent Systems, Vo1.l5, No.10, 901-
918,1998. 
[10]A. Hill and C. 1. Taylor, Model-based Image 
Interpretation using Genetic Algorithms, Image and 
Vision Computing, Vo1.10, No.5, pp.295-300, 1992 
[11] Z. Chi, H. Yan, T. Pahm, Fuzzy Algorithms: With 
Applications to Image Processing and Pattern 
Recognition, World Scientific Publisher, 1996 
